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Abstract— This paper proposes a new signal processing technique using time-frequency distribution (TFD), namely S-transform (ST) 
for battery parameters estimation. Compared to other TFDs such as short time Fourier transform (STFT) and wavelet transform 
(WT), ST technique offers more promising results in a low frequency application analysis, especially battery. The results of the ST are 
the parameters of instantaneous means square voltage (VRMS (t)), instantaneous direct current voltage (VDC (t)) and instantaneous 
alternating current voltage (VAC (t)) extracted from the time-frequency representation (TFR). Simulation through MATLAB has been 
conducted using equivalent circuit model (ECM), using 12 V lead acid (LA) battery with capacities from 1.0 Ah to 10.0 Ah. For the 
battery model, charging/discharging signal has been used to estimate the battery parameters from the ST technique to determine 
battery characteristics. From the signal characteristics of battery capacity versus VAC (t) obtained, new equation is proposed based on 
the curve fitting tool. The advantage of this technique embraces a better capability in estimating battery parameters at low frequency 
component, resulting in better frequency and time resolutions compared to previous TFDs.   
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I. INTRODUCTION 
Lead acid (LA) battery is the first type of battery, 
manufactured in the early 1880s. The founder, Gaston Plante, 
invented the first LA at the French Academy of Sciences in 
1860, where the concept is by polarisation between two 
identical lead plates immersed in 10% sulphuric acid 
solution [1]. The processes of charging and discharging of an 
LA battery occur through the chemical reaction at the 
positive and negative electrode using sulphuric acid (H2SO4). 
During the charging process, chemical substances of lead 
dioxide (PbO2) are at the positive electrode, while lead (Pb) 
is attached to the negative electrode. However, during the 
discharging process, sulphate substance (SO4) is collected at 
both positive and negative electrodes [2]. In a study done by 
[3], they discovered the occurrence of corrosion, acid 
stratification and gassing phenomena, which directly affect 
battery aging due to the charging/discharging cycles of an 
LA battery. An example of negative effect from these 
phenomena is when the battery terminal voltage degrades, 
and temperature rises due to the increasing value of the 
internal resistance of battery. For telecom users, LA battery 
is the most preferred choice as a backup power due to its low 
investment cost [4]. Moreover, the characteristics of being 
light weight and having good discharge performance are 
crucial for certain applications, especially in the automotive 
industry [5]. 
Signal processing techniques are widely adapted in many 
engineering applications, such as power quality, radar, sonar 
and telecommunication, in which the analysis of time-
varying stationary and nonstationary signals are presented in 
frequency domain [6]. Lately, signal processing technique, 
such as Fourier transform, has been implemented to analyse 
batteries in improving their performance through state of 
charge (SOC) determination [7], [8]. The implementation of 
Fourier transform is to overcome the limitation of a 
conventional battery analysis techniques, that were actually 
the extension of Kalman filter and Coulomb counting, which 
originally were disadvantageous in terms of computational 
burden, time consumption and real-time application [9]. 
Linear time-frequency distribution (TFD) techniques have 
been proposed to overcome the limitations and inadequacy 
of Fourier transform in determining the modification within 
the magnitude, frequency or phase [10], [11]. There are 
several linear TFDs, i.e. short time Fourier transform (STFT), 
wavelet transform (WT) and S-transform (ST) [12]. 
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STFT has been proposed to overcome the limitation of 
Fourier transform in non-stationary signal analysis [13], [14]. 
In the late 1940s and early 1970s, STFT was proposed by 
Dennis Gabor [15], [16] by adapting the Fourier analysis to 
small segments of signals. From the assumption of  
stationary signal position by dividing the time of analysis in 
intervals [17], [18], researchers in [19] implemented this 
concept in estimating the battery parameters, namely 
instantaneous RMS voltage (VRMS (t)), direct current voltage 
(VDC (t)) and alternating current voltage (VAC (t)) in the joint 
time-frequency domain. Analysis using the STFT has the 
advantages of the best performance result in resolution, fast 
computation and frequency selectivity [20], [21]. STFT is a 
common method used in monitoring time variations of 
waveform distortions by providing the information of time 
variations of individual components precisely. STFT 
depends on the width of the window function to localize 
time and frequency. The time frequency resolution can be 
adjusted by setting the size of the windows [22], [23]. 
However, using a fixed size of window has some 
disadvantages, because the small size of window will result 
in low frequency resolution that is inappropriate for battery 
analysis, which has frequency components near zero. 
Somehow, using bigger size of the window also leads to 
poor time resolution required in determining the health status 
of the battery. 
WT is a mathematical function created in the early 19th 
century [24], [25]. WT technique is classified into two (2) 
forms: the first is the continuous wavelet transform (CWT), 
and the second is discrete wavelet transform (DWT). DWT 
can be viewed as a subset of CWT [26]. Their principals are 
similar to those of Fourier analysis, but are more capable to 
handle some of their commonly associated constrains [27]. 
WT is generally more superior compared to other spectral 
analysis techniques. The power of wavelets comes from the 
use of multi resolution frequency. WT measures low 
frequency component using wider window size, and high 
frequency components using narrow window. This multi-
resolution window ensures consistent analysis signal for 
both time and frequency resolution [28]. However, this 
technique has a weakness, in which the mother wavelet may 
face difficulty to select different types of battery to avoid 
getting inaccurate results, since each battery has different 
properties [29] - [31]. 
ST is usually used to solve problems in case of other 
linear TFDs such as STFT, Gabor transform and WT, 
particularly in examining the time-varying nature of the 
spectrum [32]. ST also shows promising results not only in 
PQ disturbance, but also in other applications such as 
biomedical. Based on the results made by researchers in [33], 
ST is capable to emphasize on heart impulses better than 
STFT. The strength of ST in time-frequency localized also 
makes this technique useful in data adaptive filters [34]. 
Besides, ST has the ability to retain the original signal phase, 
as well as the capability to detect the lossless inverse 
transformation, compared to WT [35]. Using mathematical 
mechanism in extracting the information of time and 
frequency, ST can also be applied in PQ disturbance 
application [36]. ST constructions are by hybridizing the 
elements of STFT and WT [37]. This technique is closely 
related to continuous WT, where the element of Morlet 
mother wavelet from separation of frequency band is used in 
determining the frequency components [10], [11]. Except for 
multiresolution strategy, ST formula is similar to STFT in its 
way of preserving the phase information. The window width 
varies with the frequency measured [12], thus, higher 
frequency resolution by low frequency component and good 
time resolution by high frequency component can be 
achieved through the window function [38]. 
The performance of linear TFD techniques which are 
STFT, WT and ST used in signal processing based on the 
review than had been made are summarized in Table I.   
 
TABLE I 
SIGNAL PROCESSING TECHNIQUES SUMMARY 
Technique Summary 
Spectrogram 
• Can be used to analyse non-stationary 
signal 
• Fixed window length comprises of time 
and frequency resolution 
• Analysis signal is represented in three 
dimensional TFR 
Wavelet 
Transform 
• Use frequency-dependent window 
where long window resulting in low 
frequency resolution and short window 
yields high frequency resolution. 
• Sensitive to noise 
• High memory and computational 
complexity 
S-Transform 
• Inheriting both spectrogram and 
wavelet transform elements 
• Capable to analyse low frequency 
components. 
• High computational complexity 
 
This paper presents analysis on LA battery 
charging/discharging signals, using signal processing 
technique, namely ST. In this method, the battery 
charging/discharging signals were generated from equivalent 
circuit model (ECM) for 900 seconds of charging and 
discharging for 5 cycles, based on the standard by the 
Institute of Electrical and Electronics Engineers (IEEE) 
standard 1188-2005. For the analysis signal, 12 V LA model 
with capacity from 1.0 Ah to 10.0 Ah were simulated in 
MATLAB Simulink. Then, the battery charging/discharging 
signals were analysed using ST, then presented in three-
dimensional graph known as time-frequency representation 
(TFR). From the TFR, battery parameters, namely 
instantaneous means square voltage (VRMS (t)), instantaneous 
direct current voltage (VDC (t)), and instantaneous alternating 
current voltage (VAC (t)), were estimated. Based on the VAC (t) 
obtained from AC components, the battery characteristics 
were predicted to determine its storage capacity. 
II. MATERIAL AND METHOD  
A. Equivalent Circuit Model 
Different types of batteries have different 
charging/discharging characteristics. This research was 
carried out specifically using lead acid (LA) battery.  ECM 
approach was used to generate the charging/discharging 
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signals using MATLAB Simulink. The internal structure of 
the battery is represented by a single internal resistance, 
following the concept of Rint ECM. This model is capable to 
give an accurate prediction of SOC and state of discharge 
(SOD) of the battery. Equations of charging/discharging 
signals of LA based on ECM as proposed by [39] will then 
be defined, respectively as 
 
Charging: 
Discharging: 
Where 
where Vt is battery terminal voltage, E0 is battery constant 
voltage, K is polarization resistance, Q is battery capacity, it 
is actual battery charge, R is battery internal resistance, i is 
the actual battery current, exp(t) is exponential zone voltage, 
u(t) is charge or discharge mode, Vfull is fully charged 
voltage and Vexp is exponential zone voltage. Table II depicts 
the parameters of battery used in generating 
charging/discharging signals. 
 
 
 
 
 
 
TABLE II 
ECM BATTERY PARAMETERS 
 
B. S-Transform 
Although Cohen class bilinear TFD can give accurate 
estimation for nonlinear signal from the cross term artefacts, 
ST has an extra advantage, as it has better performance in 
term of high noise ratio (SNR) signals from the adaptation 
of the Gaussian window [40]. The ST offers absolutely-
referenced frequency and phase information to produce 
three-dimensional TFR [41], and is expressed as 
 
2( , ) ( ) ( , ) j ftxST f x t w t f e dtpiτ τ
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−
−∞
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1( )f fσ =  (6) 
 
 
 
The final expression becomes 
 
where x(t) is the signal, i is the time, f is the frequency, w(t) 
is the scalable Gaussian window, and σ(f) is a parameter 
which controls the position of the Gaussian window on the 
x-axis. From the ST equation, the Gaussian part acts as a 
frequency sensitive window function. If high frequency 
occurs at the measured signal x(t), the Gaussian window 
will be narrow, whereas if low frequency occur at the input 
signal, the window will become wider. Therefore, ST can 
cover multi-resolution frequency components from variable-
width Gaussian window [13]-[15]. 
Fig. 1 shows the variation of windows used in ST 
technique. As can be seen, wider window length (512) gives 
better frequency resolution and benefit for lower frequency 
application. Narrow window length (64) provides good time 
0 . exp( )0.1.t
Q QV E K it K i Ri tQ it it Q= − − − +− −  (1) 
( )exp
exp
3
exp( ) exp( ) ( ) ( )fullt it t V V u tQ= − + −  (3) 
0 . exp( )t
Q QV E K it K i Ri tQ it Q it= − − − +− −  (2) 
Capacity 
(Ah) 
Constant 
Voltage (V) 
Internal 
Resistance (Ω) 
Polarization 
Resistance (Ω) 
Fully Charged 
Voltage (V) 
Exponential 
Zone Voltage (V) 
Exponential Zone 
Capacity (Ah) 
1.0 12.1573 0.1200 0.1834 13.2200 12.1500 0.0033 
2.0 12.1499 0.0600 0.0866 13.3200 12.1500 0.0067 
3.0 12.1424 0.0400 0.0543 13.4200 12.1500 0.0100 
4.0 12.1350 0.0300 0.0382 13.5200 12.1500 0.0133 
5.0 12.1305 0.0240 0.0293 13.5800 12.1500 0.0167 
6.0 12.1276 0.0200 0.0238 13.6200 12.1500 0.0200 
7.0 12.1231 0.0171 0.0195 13.6800 12.1500 0.0233 
8.0 12.1186 0.0150 0.0163 13.7400 12.1500 0.0267 
9.0 12.1149 0.0133 0.0139 13.7900 12.1500 0.0300 
10.0 12.1112 0.0120 0.0120 13.8400 12.1500 0.0333 
2 2(( ) /2) 2( , ) ( )
2
t f j ft
x
f
ST f x t e e dtτ piτ
pi
∞
− − −
−∞
= ∫  
   
(7) 
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resolution for high frequency. So, variety of window length 
provides better accuracy in multi-frequency application. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1 Variation of window length 
 
Results of ST which is TFR of a time series is from the 
combination of frequency-dependent resolution that 
concurrently localized the real and imaginary signals. From 
the Gaussian modulated cosinusoidal, time-frequency 
spectrum is represented from intuitive notions of 
cosinusoidal frequencies [12]. In Fig. 2, the frequency and 
time resolution relates to window length. Selecting wider 
window gives advantages in frequency resolution from the 
horizontal plane and narrow window resulting in good time 
resolution from the vertical plane based on Fig. 2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2 ST resolution 
 
C. Battery Parameters 
Parameters of the battery were estimated from the TFR 
obtained using ST technique. The parameters at DC and AC 
components were measured instantaneously over time for 
battery lifetime prediction.  
D. Instantaneous Means Square Voltage 
The instantaneous means square voltage is a parameter 
that calculates the signal from frequency of 0 Hz to 
maximum frequency measured by using ST. VRMS (t) 
includes the overall parameters that occur at DC and AC 
components. The VRMS (t) can be expressed as 
 
where STx(t,f) is the signal from TFR and fmax is the 
maximum frequency measured. 
E. Instantaneous Direct Current Voltage 
DC parameter can be estimated based on the area 
obtained from the fundamental frequency bandwidth of the 
battery. The fundamental frequency of the battery occurs at 
the highest magnitude of the ST. The instantaneous direct 
current voltage (VDC (t)) [42] is expressed as 
 
F. Instantaneous Alternating Current Voltage 
 The instantaneous alternating current voltage (VAC (t)) is 
the voltage that appears at the frequency components. The 
VAC (t) can be calculated using 
III. RESULTS AND DISCUSSION 
This section presents the results of battery 
charging/discharging signal analysis using ST. In this study, 
the charging/discharging signals for LA battery were run for 
5 cycles, measured in between 0 second to 9000 seconds, as 
indicated in Fig. 3. A fixed conversion of charging and 
discharging cycle was set for every 1800 seconds until 5 
battery cycles was achieved. The choice of charging and 
discharging time and current needed to be based on the 
capabilities of battery to forbear the overcharge and over 
discharge that cause inaccurate in measurements. In this 
study, charging/discharging current was set to fixed value of 
1 A. The charging and discharging characteristics of the 
battery would be based on Equations (1), (2) and (3) 
simulated in MATLAB Simulink. Through ECM model, the 
battery was assumed to operate with constant nominal 
capacity, constant internal resistance, no memory effect, no 
temperature effect and unlimited cycle life. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3 Simulation of voltage charging/discharging signal for 12V LA 
batteries 
max
0
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1
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2
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∆
+
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 where f1 is fundamental frequency that corresponds to 
system frequency and Δf is fundamental frequency 
bandwidth. 
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The charging/discharging signals for LA battery with 
capacity of 1.0 Ah to 10.0 Ah are shown in Fig. 3. During 
the charging process, the 1.0 Ah battery voltage rose the 
highest compared to other batteries. The 1.0 Ah battery 
voltage gave the value of 13.11 V at maximum after 900 
seconds of charging process, followed by 12.59 V for a 2.0 
Ah battery and 12.36 V for a 3.0 Ah battery. The voltage for 
LA batteries kept decreasing, though from maximum, as the 
capacity was increased. When the batteries were being 
discharged, the 7.0 Ah battery voltage drained for about 
3.354 V from 12.09 V. The signal pattern showed that the 
voltage for low battery capacity rose faster during the 
charging process, and drained rapidly when discharging 
process was conducted. 
A. Battery Analysis for Parameters Estimation 
This section discussed the battery charging/discharging 
signals analysis using TFD namely ST. From the ST 
technique, the best window length is chosen in extracting 
the signal information. The window length may affect the 
signal characteristics from the TFR where narrow window 
length may provide good time resolution while wide 
window length provide good frequency resolution. Selecting 
wider window length is recommended in battery signal 
analysis as the signal information requires high frequency 
resolution in determining the battery characteristics at AC 
components. The use of multi resolution analysis in ST 
technique gives benefit in battery signal analysis. The 
information at AC and DC components can be obtained in 
high accuracy value. 
Different capacity of battery gives different charging and 
discharging magnitude. Fig. 4a shows the 1.0 Ah 
charging/discharging signals of the battery while Fig. 4b 
shows the results of the ST, presented in the three-
dimensional plot in of signal energy with respect to time and 
frequency. The y-axis indicates the frequency of the battery 
while the x-axis represents the time measured in hour. The 
amplitude of the signal can be determined by the colour of 
the graph. The dark blue line represents the lowest 
amplitude and dark yellow indicates highest signal 
amplitude. This observation window signifies that the TFR 
graph appears constant over time duration from 0 to 9000 
seconds.  
 
 
 
 
 
 
 
 
 
 
Fig. 4a 1.0 Ah LA charging/discharging signals 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 4b TFR using ST for 1.0 Ah LA battery 
 
From the TFR, battery parameters were estimated from 
the separation of DC and AC components. The value of VDC 
(t) was 10.9710 V while the value of VAC (t) was 0.9691 V 
as illustrated in Fig. 4c. The small value of VAC (t) was 
measured from the charging/discharging characteristics of 
the battery as shown in Fig. 4a. Since the battery was a DC 
source, which was 0 Hz at fundamental, the VDC (t) appeared 
higher.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 4c Parameters for 1.0 Ah battery 
 
Fig. 5a shows that the maximum voltages measured from 
charging/discharging signals for a 5.0 Ah battery was 12.18 
V, which was 0.93 V less than by a 1.0 Ah battery (see Fig. 
4a). The charging/discharging signal showed that with 
higher battery capacity, the maximum voltage of the battery 
would be lower. Fig. 5b indicates the TFR obtained using 
ST. The DC component of the battery was at 0 Hz, 
represented in yellow color, while the AC components were 
at higher frequency order. 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5a 5.0 Ah LA charging/discharging signals 
 
VAC (t) VDC (t) 
VRMS (t) VDC (t) 
VAC (t) 
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Fig. 5b TFR using ST for 5.0 Ah LA battery 
 
From Fig. 5c, the VRMS (t) estimated is 10.6226 V, which 
consists of the values of VDC (t) and VAC (t). The VAC (t) 
estimated from the TFR seemed to give lower value 
compared to 1.0 Ah battery which was at 0.4165 V. The 
simulation process was repeated until 10.0 Ah parameters 
could be estimated with the increment of 0.1 Ah. 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5c Parameters for 5.0 Ah battery 
 
In this section, batteries with 1.0 Ah and 5.0 Ah capacity 
are used as example in presenting the analysis signals in 
TFR for magnitude and frequency. Fig. 4a shows the 
charging/discharging signals of 1.0 Ah LA battery while Fig. 
4b indicates its TFR obtained using ST technique. Using 
multi-resolution Gaussian kernel gives benefit to TFR in 
estimating the battery parameters of VDC (t) and VAC (t) 
accurately. As can be seen from Fig. 4c, the parameters for 
VRMS (t), VDC (t) and VAC (t) are estimated after the TFR is 
normalized which is between 1000 to 8000 seconds. This 
phenomena happen because of the use of Gaussian kernel in 
capturing the signals. Results from the ST technique shows 
the TFR appears to be good in both frequency and time 
resolution where the characteristics of charging/discharging 
still can be seen (see Fig. 3) that appears constant over time 
during normalized. 
B. Performance Evaluation of Battery Characteristic 
Signal characteristic is estimated from the calculation of 
signal parameter using ST techniques. For the calculation of 
alternating current voltage, the signal characteristics such as 
remaining capacity can be estimated. In this paper, the 
signal characteristics are obtained from the measurement of 
the battery charging/discharging from fixed rated voltage 
with varied capacities. The capacity of the battery depends 
on the VAC (t) value which can be numerically identified that 
gives an advantage to estimate the SOC of the battery.  
From Fig. 6, as the VAC (t) increase, the capacity growth 
exponentially. From 1 Ah to 2 Ah batteries, the gap of VAC (t) 
with the increment of 0.1 is wide and keep narrow until 10 
Ah is achieved. This value is affected by the charging and 
discharging magnitude based on Fig. 3. For LA battery, the 
battery characteristics curve for VAC (t) ranges between 0.3 
V to 1 V. The VAC (t) is dropping as the capacity is increased. 
 
 
 
 
 
 
 
 
 
 
 
Fig. 6 Battery storage capacity of 1.0 Ah 10.0 Ah of simulation result for 
LA battery 
 
From the simulation curve as shown in Fig. 6, Equation 
11 was produced based on curve fitting tool simulated using 
MATLAB. The expected VAC (t)-capacity relationship 
naturally changed as the charging and discharging current 
were changed. The current production of the battery could 
be maximized if the VAC (t) of the battery was lower. The 
battery capacity was calculated using 
 
where Q is battery remaining capacity and VAC is alternating 
current voltage. 
IV.  CONCLUSION 
The evolution in portable appliances has focused to 
ensure battery capability to deliver high energy in a long 
period of time. This issue arises due to repeated use of 
secondary batteries, which leads to performance degradation, 
and consequently affects investment cost, environmental 
friendly and overall system performance. In this paper, 
testing based on IEEE standard have been conducted to 
analyze the battery charging/discharging signals and 
characteristics. The charging/discharging signals of the LA 
battery generated from the ECM can be used to estimate 
battery parameters. By applying ST signal processing 
technique, the analysis on charging/discharging signal will 
lead to parameters estimation at DC and AC components, i.e. 
VRMS (t), VDC (t) and VAC (t) through the TFR. This technique 
is capable to estimate the battery capacity from the VAC (t), 
to obtain the characteristics of LA battery with capacity of 
1.0 Ah to 10.0 Ah. This technique is reliable for real-time 
monitoring system, as the equations and curve fitting tools 
involved are capable to estimate the remaining capacity of a 
battery. 
 
 
( ) 26.26 2.5664
.
7.234 10 exp 10.62expAC ACV VLAS transform ACQ V − −− = × +  (11) 
VRMS (t) VDC (t) 
VAC (t) 
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NOMENCLATURE 
LA Lead acid 
IEEE Institute of Electrical and Electronics 
Engineers 
SOC State of charge 
SOD State of discharge 
ST S-transform 
STFT Short time Fourier transform 
TFD Time-frequency distribution 
TFR Time-frequency representation 
VAC (t) Instantaneous of alternating current 
voltage 
VDC (t) Instantaneous of direct current voltage 
VRMS (t) Instantaneous of means square voltage 
WT Wavelet transform 
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